Development of aboveground mangrove forests' biomass dataset for Southeast Asia based on ALOS-PALSAR 25m mosaic,"
occupy 0.5% of the global coastal area, but they contribute 10% to 15% (24 Tg C y −1 ) of coastal sediment carbon storage and export 10% to 11% of particulate terrestrial carbon to the sea. Currently, their contribution to carbon sequestration is one of the important ways for conservation and restoration, and it further helps to reduce the greenhouse effect. This shows that mangroves play an important role in global climate change mitigation. In order to acquire and build strong awareness of global carbon conditions and the impacts of diminishing mangrove forests on climate change, it is very important to assess and quantify the spatial distribution of mangrove forests and carbon stocks, as well as the emission factors of greenhouse gases emitted from the major land use activities in mangrove forests. However, most countries, especially in Southeast Asia (SEA), do not have enough information about the total quantity of their mangrove biomass. 5, 7 From a global perspective, SEA has the largest mangrove area in the world estimated at more than 6.8 million hectares or around 34% to 42% of the total area of mangrove forests in the world. 2 Mangrove forests in SEA are the most diverse in the world 8 but have been suffering from human interference in destructive ways due to conversion of mangrove areas for agriculture, tourism, and housing. 9 According to Giri et al., 10 the world's mangrove forests are currently estimated to have been reduced by 50% from their previous state and, estimating by their current reduction rate, 30% to 40% of coastal wetlands and 100% of mangrove forests could be lost in the next 100 years if there is no improved management to conserve them. It is strongly recommended that mangrove biomass be mapped and monitored immediately. However, conducting field surveys for mangrove biomass and its productivity in the area has proved to be very difficult as it is expensive and time consuming by nature, caused by muddy soil conditions, the weight of wood, 11, 12 the vast area to cover, and tidal influences.
Remote sensing has been widely proven to be a fast, cost-effective, and efficient method for monitoring and mapping the highly spatial distribution and biomass of mangrove forests as well as their disturbance on regional and global scales. 12, 13 Optical imagery and synthetic aperture radar (SAR) data have the potential to predict the biomass of tropical forests. 14 However, according to Häme et al., 14 the depth and thickness of the irregular atmospheric conditions in the area of interest make atmospheric correction of optical images difficult. On the other hand, radiometric correction of the topography of SAR data will require a very accurate digital elevation model unless the study location is relatively flat. In particular, in tropical areas with prevalent cloud cover, SAR data are better than optical data for multitemporal acquisition.
According to Henderson and Lewis, 15 although sensors in the optical range of the electromagnetic spectrum have received the greatest attention and have been widely used, considerable effort has also been invested in the use of radar sensors. Backscatter radar is very sensitive to the dielectric properties (soil moisture and vegetation) and attributes of the geometric conditions (surface roughness) of objects on the surface of Earth. 16 In many regions of the world (e.g., areas covered by clouds and/or lacking light), radar is the only sensor that can provide consistent and periodic data in a reliable manner. A radar sensor can obtain information in the electromagnetic spectrum of the bands K, X, C, L, and P (different wavelengths) with polarizations of Horizontal to Horizontal (HH), Vertical to Vertical (VV), Horizontal to Vertical (HV), or Vertical to Horizontal (VH), which have varying ranges and azimuth resolutions. Each of these wavelengths has unique characteristics related to reflection from forest stands. The X band interacts only with leaves and canopy cover surfaces; hence, it is very suited for information on the surface layer of the tree canopy. The C band can penetrate through the leaves and spread to small branches and other underlying objects. The L band, which has a higher penetration capability, can penetrate the surface layer and spread to the stems and main branches. 17 The P band has the greatest penetration capability and can penetrate into the canopy covers. Therefore, backscatters from the L and P bands are the parameters most associated with the biophysical parameters of trees and are predominantly used for studies related to forest biomass. 18 Long-wavelength radar sensors such as L and P bands have both the advantage of being very sensitive to forest biomass and the potential for observation with high spatial and temporal resolution for estimating and monitoring biomass. [19] [20] [21] The launch of the Japanese Space Exploration Agency's (JAXA) Advanced Land Observing Satellite (ALOS) Phased Arrayed L-band SAR (PALSAR) in 2006, therefore, represented a milestone in the global observation, characterization, mapping, and monitoring of mangroves over a larger area. ALOS PALSAR has been proven to have the potential to estimate the aboveground biomass (AGB) of mangrove forests. 11, 22, [23] [24] [25] [26] Many researchers have tried to identify the baseline mangrove forest in regional-global areas. [27] [28] [29] However, references for estimating the biomass of mangrove forests in regional-global areas are lacking, which is both a challenge and an opportunity. 30 This study was conducted with the objective of developing an aboveground mangrove forests biomass dataset for SEA based on the ALOS PALSAR 25-m mosaic.
Methodology
The methodology used in this study consisted of several steps. First, the study area was circumscribed and primary and secondary data were collected. Primary data were taken from ALOS PALSAR, and secondary data were obtained from land cover maps, Landsat image data, and high-resolution image data obtained from Google Earth. Data processing involved conversion of digital numbers (DN) to normalization of radar cross sections (NRCS). Training samples of the mangrove forests in the study area were delineated, backscattering characterization was performed by calculating the mean and standard deviation, mangrove forests were classified based on backscattering characterization, and the AGB of mangrove forests in SEA was estimated based on an empirical model.
Study Site
According to Giesen et al., 2 the mangrove forests in SEA spread from the Irrawaddy delta in northwest Myanmar throughout the coasts of Thailand, Cambodia, and Vietnam, and over the archipelagos of the Philippine and Indonesian Archipelago from Papua island to Sumatra island. They cover more than 17,000 islands and stretch more than 6000 km from the east to the west and about 3500 km from the north to the south of SEA. The most extensive mangrove areas in SEA are found in Indonesia, followed by Malaysia and Myanmar. In this study, we collected regions of interest (ROIs) of mangrove forests on 46 sites that spread over SEA as presented in Fig. 1 and Table 1 . 
Data Collection
We used 25-m resolution PALSAR mosaic data generated by applying a high JAXA processing and analysis technique to images obtained from the Japanese L-band Synthetic Aperture Radars (PALSAR and PALSAR-2). Global 25-m resolution PALSAR/PALSAR-2 mosaic is a global SAR image made by SAR image mosaics of the backscattering coefficient measured by PALSAR/PALSAR-2. ALOS PALSAR data have been collected as part of the Kyoto and Carbon Initiative projects. As a result, we obtained a total of 60 ALOS PALSAR mosaic tiles for the SEA region. For secondary data to support the collection of training samples of mangrove areas, we used land cover maps from each country and Landsat data as well as high-resolution image data from Google Earth.
Preprocessing
The preprocessing focused on converting the HH (Digital Number on Horizontal to Horizontal) and HV (Digital Number on Horizontal to Vertical) values to NRCS in decibels (dB) (i.e., σ°HH and σ°HV) using the following equations: 31 E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 1 1 6 ; 1 3 7 σ°HH ¼ 10 log 10 ðDN 2 Þ − CF;
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 1 1 6 ; 9 4 σ°HV ¼ 10 log 10 ðDN 2 Þ − CF;
where σ°is the backscattering coefficient and CF is the calibration factor. CF is equal to −83 for both HH and HV. 
Characterization
We collected mangrove samples data for the ROIs throughout the SEA region on ALOS PALSAR data based on visual interpretation using Landsat data and Google Earth images. As many as 46 ROIs of mangrove forests scattered in the SEA region were collected. The size of each ROI differed for each area of mangroves, as it depends on the size of the mangrove area in each region. After the ROI samples were obtained and the mean and standard deviation of the backscatter value for each sample were calculated. The equations for the mean and standard deviation are as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 1 1 6 ; 6 4 4
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 1 1 6 ; 5 8 8
where n is the number of samples taken, X i is the value of the sample, and X is the average of the samples.
Classification
The classification of mangrove forests was performed based on the characteristics of the mangrove backscatter in each training sample. We used a rule-based classification method based on the mangrove backscattering characteristics to classify mangrove and nonmangrove areas in the region. The main parameters used in this rule-based classification were the mean and standard deviation of the backscatter value image of ALOS PALSAR. All pixels in the mangrove areas were identified using the following rule-based classification algorithm: 12 E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 1 1 6 ; 4 2 7
If μ_i-σ_ij ≤ band_i ≤ μ_i þ σ_ij then band_i ¼ 1; otherwise band_i ¼ 0;
where μ and σ represent the mean and standard deviation of the grouped pixel samples (ROIs) from the sample data, respectively, i represents the band number of ALOS PALSAR, and j represents the positive real number of the selected standard deviation. The output was a binary image consisting of "mangrove" and "nonmangrove."
Estimation of Aboveground Biomass
The literature on estimation of the AGB of mangrove forests using PALSAR data is very small. Only a few studies 11, [22] [23] [24] 
where DBH is the diameter at breast height and AGB is the aboveground biomass. In contrast, Hamdan et al. 23 directly related the backscatter value to the field biomass measurement, and thus we refer to it as the direct model. The empirical model is presented as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 1 1 6 ; 1 1 7
HH ðσ°Þ ¼ 0.472 lnðAGBÞ − 12.326;
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 1 1 6 ; 7 6 HV ðσ°Þ ¼ 0.800 lnðAGBÞ − 19.305: (11) 3 Results and Discussion
Backscattering Characteristics of Mangrove Forests in Southeast Asia
We collected ALOS PALSAR data for the SEA region and determined the training samples as ROIs. Preprocessing was conducted by converting DN values to NRCS using Eqs. (1) and (2) . In addition, the ROIs of 46 training samples were calculated to determine the backscattering characteristics of mangroves in the forms of mean and standard deviation values using Eqs. (3) and (4). The mean and standard deviations for each of the 46 ROIs can be seen in Fig. 2 . Figure 2 shows the characterization of the backscattering coefficient of mangrove forests for the polarizations of HH and HV. The backscattering values of mangrove forests based on the HH polarization ranged from −10.88 to −6.65 dB, whereas the values based on the HV polarization were within the range −16.49 to −13.26 dB. 32 Based on Fig. 2 , each mangrove forest type has a wide range of backscattering values. The value depends on the physical and geometric conditions of the mangrove trees, as well as on environmental conditions such as weather dynamics, moisture, and the topography and altitude of tides. 33 The backscatter value also depends on a specific backscatter signal (e.g., radar calibration and orthorectification), 34, 35 which is affected by the dielectric properties of the vegetation and ground surface.
Spatial Distribution of Mangrove Forests Based on ALOS PALSAR
We classified mangrove forests based on their backscattering characteristics and topography data. The classification was enhanced by visual interpretation using Landsat images and Google Earth imagery as reference data. In this case, the classification method used rule-based classification as defined by Eq. (5) . We classified mangrove forests and nonmangrove forests on an area by area basis. The parameters used in the rule-based classification were HH, HV, and topography data. To determine the threshold value, the mean and standard deviation of the backscattering values of HH and HV were used. The threshold values of the backscattering on HH and HV can be seen in Table 2 .
Using rule-based classification, we determined the spatial distribution of the mangrove forests in the SEA region (Fig. 3) . The area of the mangrove forests in the SEA region was calculated as ∼5;098;834 ha with an overall accuracy of 82% (Table 3 ). The latter was done based on a confusion matrix, which takes advantage of ground truth derived from some reference data such as land use and land cover maps and visual interpretation from Landsat and Google Earth. The estimated areas of mangrove forests in each country in comparison with other studies are presented in Table 4 . According to the table, there are differences in the large areas of mangrove forests determined by this study and the other studies. These differences arise from the different methods employed to estimate the large areas of mangrove forests; the other studies estimated the large areas of mangrove forests using data derived from a statistical log book, which is an old data version.
Estimation of Aboveground Biomass of Mangrove Forests
We applied two models to estimate the AGB of mangrove forests: the indirect model [Eqs. (6)- (9) ] and the direct model [Eqs. (10) and (11)]. According to Sun et al., 42 HV polarization of the RADAR data is the most sensitive for estimation of AGB. We estimated the average AGB of mangrove forests in the SEA region as 140.5 AE 136.1 Mg∕ha. Some plots of the spatial distribution of the AGB of mangrove forests are presented in Fig. 4 . However, on the low and flat topography, the backscatter value of mangrove forest is affected by tidal height. The deviation of backscatter value on the low and flat topography is around 1.6 dB for HV. 33 This study cannot identify information of tidal height because data are given from global 25-m resolution PALSAR and PALSAR-2 mosaics, so in this case, the AGB of mangrove forest that is estimated can be low or high.
Since the lack of ground measurement of the ABG of the mangrove forest on overall SEA still needs further research to validate our results, we have compared our results to those obtained by other studies ( Table 5 and Fig. 5 ). We observed that the results based on the direct model are closer to those estimated by other studies than the indirect model. However, the direct model has a coefficient of determination (R 2 ) of 0.427 with a residual error of 61.32 Mg∕ha.
According to Suzuki et al., 48 one limitation of SAR in estimating AGB is that the backscatter intensity becomes saturated when the AGB volume exceeds a certain critical value. For example, estimation of the AGB of the mangrove forests in Matang Malaysia, where the AGB < 100 Mg∕ha, gives the highest coefficient of determination (R 2 ) and the smallest root mean square error (RMSE), whereas an AGB > 100 Mg∕ha has a lower R 2 and a higher RMSE. 23 In addition, the saturation level of AGB for Sonneratia caseolaris and Kandelia obovata is above 100 Mg∕ha. 23 According to Ghasemi et al., 49 the saturation problem can be solved by applying an interferometry technique. However, this method has not been widely tested; thus, it is still not clear whether it can be used for AGB estimation of all types of mangrove forests. We also have compared our result with Landsat data, where the actual optical images of the Landsat data with textural and spectral characteristics of the canopy and leaves are the main features used to distinguish among mangrove communities. 35, 50 According to Fig. 6 the results of the classification of mangroves and nonmangroves on ALOS PALSAR imagery are almost the same as those produced by Landsat imagery. However, in this study, not only can be classified mangrove and non-mangrove, but also we have estimated above ground biomass of mangrove forest.
Conclusions
In this study, an AGB dataset of mangrove forests in SEA was developed. The spatial distribution of the mangrove forests in SEA was found to be 5.1 million ha with an overall accuracy of 82%. The estimated average AGB of the mangrove forests in SEA was found to be 140.5 AE 136.1 Mg∕ha. The direct model was also determined to be more accurate for estimation of the AGB of mangrove forests than the indirect model. However, saturation in estimating AGB needs to be reduced by integrating multisource data, including different wavelengths for optical data and microwaves. Thus, in future studies, development of more appropriate procedures and approaches is still required to reduce uncertainty and also the conducting and collecting of field survey measurements is required for validation. to thank LPPM-ITENAS, JAXA-JAPAN, and Anggun Tridawati from Lampung University for their support.
